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Abstract: With the challenge to reach targets of carbon emission reduction at the regional level, it is
necessary to analyze the regional differences and influencing factors on China’s carbon emission
efficiency. Based on statistics from 2005 to 2015, carbon emission efficiency and the differences in
30 provinces of China were rated by the Modified Undesirable Epsilon-based measure (EBM) Data
Envelopment Analysis (DEA) Model. Additionally, we further analyzed the influencing factors of
carbon emission efficiency’s differences in the Tobit model. We found that the overall carbon emission
efficiency was relatively low in China. The level of carbon emission efficiency is the highest in the East
region, followed by the Central and West regions. As for the influencing factors, industrial structure,
external development, and science and technology level had a significant positive relationship with
carbon emission efficiency, whereas government intervention and energy intensity demonstrated a
negative correlation with carbon emission efficiency. The contributions of this paper include two
aspects. First, we used the Modified Undesirable EBM DEA Model, which is more accurate than
traditional methods. Secondly, based on the data’s unit root testing and cointegration, the paper
verified the influencing factors of carbon emission efficiency by the Tobit model, which avoids the
spurious regression. Based on the results, we also provide several policy implications for policymakers
to improve carbon emission efficiency in different regions.
Keywords: carbon emission efficiency; regional differences; influencing factors; the Modified
undesirable EBM DEA model; Tobit model
1. Introduction
Global warming has attracted the attention of politicians and scholars as it has severely affected
the survival and development of human beings. According to the assessment results of the UN
Intergovernmental Panel on Climate Change (IPCC), greenhouse gases, specifically CO2, are the main
cause of global warming [1,2]. Hence, carbon emission reduction has become a consensus by the
international community. As the largest carbon emitter, China has more pressure to reduce its carbon
emission. According to the 2018 BP Statistical Review of World Energy, the average growth rate
per annum of CO2 emission is 3.2% in mainland China from 2006 to 2016. Its CO2 emissions reach
9232.6 million tons in 2017, occupying 27.6 percent of the global emission amount [3]. Based on the
Global Carbon Budget 2016 released by the Global Carbon Project (GCP), the carbon dioxide emissions
per unit economic outputs of China is 0.65 kg CO2 per-year dollars, which is 1.8 times that of the
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United States and 2.8 times that of the European Union [4]. Therefore, the carbon dioxide emissions
per unit GDP in China is also higher than that of developed countries.
As the carbon emission reduction has become an urgent task, China pledged to reduce carbon
dioxide emissions per unit of GDP at the Copenhagen Climate Change Conference in December
2009 [5,6]. The national government also set up a target of reducing carbon emissions per unit of GDP
by 20% in its thirteenth Five-Year Social and Economic Plan [7]. However, China has relied on an
energy-intensive, heavy, industry-based developmental pattern for decades [8,9]. The path dependence
of its economic structure makes it challenging to achieve this goal, and one suitable solution is to
improve carbon emission efficiency.
However, China is a vast country with many regions, owning multifaceted features in its economic
structure and resource endowment. The national government needs to formulate policies about carbon
emission reduction at the regional level. The evaluation of the regional differences and influencing
factors on the Chinese carbon emission efficiency has attracted the attention of scholars recently.
Wang and Zhou et al. in 2013 found that CO2 emission performance on the provincial was the higher
in southeastern coastal areas but lower in central and western inland regions. They also stated that
their carbon emission performance has increased by different rates after 2001 [10]. Their evidence is
also consistent with the recent finding on the regional low-carbon economic development by Chu and
Geng et al. in 2019. The recent study also showed that the eastern region still had a higher degree of
low-carbon economic development than the central and western regions [11]. Zhong et al. in 2012
also discovered that China’s total-factor carbon emission performance contains significant regional
characteristics, and low carbon emission performance in the central and west regions [12].
Until now, most of the studies have divided Chinese 30 provinces into three areas (East, Central,
and West regions) based on geographical position rather than on economic characteristics, which cannot
accurately reflect the state of regional carbon emission efficiency in China. In 2015, the Development
Research Center of the State Council (DEC) classified Chinese provinces into eight economic regions
(Northern coast, Eastern coast, Southern coast, Northeast, Middle Yellow River, Middle Yangtze
River, Southwest, and Northwest) based on their geographical position, economic development level,
and resource endowment [13]. This paper has chosen to investigate the disparity of carbon emission
efficiency in the above eight economic regions proposed by the DRC.
As for the method to measure the carbon emission efficiency, the Charnes–Cooper–Rhodes
(CCR); Banker, Chames, and Cooper Mode (BCC); or slacks-based measure (SBM) model have been
widely adopted by scholars [14–16]. However, these methods have their advantages as well as
insufficiencies [16–23]. Therefore, we used the Modified Undesirable Epsilon-based measure (EBM)
DEA Model to calculate the carbon emission efficiency to overcome their shortcomings [16,19,23,24].
Based on the analysis of the regional difference in the carbon emission efficiency, we verified the
influencing factors by the Tobit model [25]. This research aims to analyze the regional differences and
influencing factors on China’s carbon emission efficiency from 2005 to 2015, based on the Modified
Undesirable EBM DEA Model and Tobit model.
The basic structure of the rest of the paper is as follows. Section 2 will review the definition,
measurement, and influencing factors of carbon emission efficiency. Section 3 will introduce the
research method. Section 4 will present indicator selection and its data source. Section 5 will analyze
the carbon emission efficiency in eight Chinese regions by the used the Modified Undesirable EBM
DEA Model. Section 6 will adopt a Tobit model to verify the influencing factors of carbon emission
efficiency. Finally, Section 7 will conclude and state the research limitations.
2. Literature Review
In recent years, carbon emission efficiency has become an important research issue in academic
circles, and the main topics cover the definition, measurement, and influencing factors of carbon
emission efficiency.
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At present, there is no unified agreement on the definition of carbon emission efficiency by
scholars. The definition of carbon emission efficiency stems from the method of calculation, such as the
single-factor indicator method or total-factor indicator method [6]. The dominant types of single-factor
indictor method include carbon dioxide emissions per unit of GDP, carbon dioxide emissions per unit
of energy consumption, and carbon dioxide emissions per capita. Specifically, Kaya and Yokobori
first proposed the concept of carbon production efficiency in 1993, which is the ratio of total GDP to
the total amount of carbon emission [26]. Meilnik and Goldembergbet proposed the concept of the
carbonization index in 2009, which is the ratio that the total amount of carbon emission to the total
consumption of energy [27]. Sun (2005) proposed the carbon intensity, which calculates the ratio of CO2
emissions to GDP [28]. Based on the concept of frontier production, the total-factor indicator method
for carbon emission consists of both input and output indicators. Meanwhile, some scholars regarded
carbon emission as an undesirable output indicator to evaluate carbon emission efficiency [29–33].
The main methods of evaluating carbon emission efficiency include parametric and nonparametric
ones. As for the parametric methods, Aigner and Lovell proposed the Stochastic Frontier Approach
(SFA) by using a stochastic frontier production function to evaluate the technical efficiency in 1977 [34].
Later, SFA has become one of the most commonly used parametric methods. The disadvantage of
this parameter method is the requirement for a particular functional form assumption for the frontier.
Thus, possible incorrect functional forms can cause inaccurate results [10,35–39].
As for the nonparametric method, the DEA is a common nonparametric method for evaluating
the relative efficiency of several Decision-Making Units (DMUs). Unlike SFA, DEA is a deterministic
method that also has many advantages, which has the capability of handling multiple inputs and
outputs [14]. In other words, the DEA keeps the input and output of DMUs unchanged by adopting
the effective sample [40]. On the other hand, DEA does not require any specification of the functional
form of the frontier, therefore more scholars use the DEA approach and its various modified modes
to study carbon emission efficiency. These models they adopted can be classified into three types,
radial model, nonradial model, and Directional Distance Function Model (DDFM)s [41].
(A) Radial model, namely CCR or BCC, which are the basic models of the DEA approach proposed
in 1978 and 1984, respectively. After widely application in the literature, these methods have also been
adopted in the Chinese context recently. Wei et al. in 2010 used the CCR model for measuring changes
in total carbon emission efficiency of provinces in China from 1986 to 2008 [42]. Zhong et al., in 2012,
applied BCC model to measure static carbon emission performance of China’s 29 provinces from 1995
to 2009 [12]. However, CCR or BCC model requires that all the inputs change in the same proportion,
which ignores nonradial slacks and is contrary to reality [17,19,23,24].
(B) Nonradial model (SBM). To solve the weakness of CCR or BCC model, Tone proposed a
nonradial Slacks-Based Measure that was able to calculate efficiency with slacks of input and output
variables. SBM has been widely applied to evaluate carbon emissions efficiency and abatement
potential recently. Chu and Geng et al. in 2019 applied the SBM to measure the carbon emission
efficiency in 30 provinces of China from 2005 to 2017 [11]. Some other scholars also have conducted
relevant research using SBM DEA model [21,43,44].
(C) Directional Distance Function Model (DDFM). The DDFM approach was put forward by
Chung et al. (1997), which allows proportional expansion of desirable outputs and shrinking of
undesirable outputs and inputs [41]. Some scholars attempted to apply these models to calculate the
carbon emissions efficiency [45,46].
In addition to the definition and measurement of the carbon emission efficiency, influencing
factors also have attracted academic attention. The common factors adopted include industrial
structure, energy structure, openness, and one of primary research methods is the measurement
method. The widely adopted one is the Economic Measurement Method, which employed both the
spatial econometric model and the nonspatial econometric models. The spatial econometric model
includes Spatial Lag Model (SLM) [47], Spatial Error Model (SEM) [47], and Spatial Durbin Model
(SDM) [48], which are suitable to the case of the DUMs with obvious spatial correlations. For instance,
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Chuai et al. in 2012 analyzed the SLM between carbon emissions from energy consumption and their
influencing factors in Chinese regions from 1997 to 2009. They stated that GDP and population are the
two leading factors, which can strengthen the spatial autocorrelation of carbon emissions [49]. Ma and
Chen et al. in 2015 established the SEM to perform an empirical study on the influence factors of
carbon emissions efficiency by using panel data from 30 provinces from 1998 to 2011. They argued
that the economic scale, industry structure, and energy consumption structure hurt carbon emission
efficiency, while opening-up, enterprise ownership structure, and government intervention play a
positive role in efficiency [50]. Cheng et al. in 2014 applied the SDM to examine the dominating factors
of China’s carbon intensity from energy consumption from 1997 to 2010 [51]. The leading approach of
the nonspatial econometric model is the Tobit model [25], also called the “limited dependent variable
model”, or the “check model”. It considers the trend of continuous variable variation with limited
dependent variables [25,26,52]. Wang at al. in 2019, used the Tobit model to analyze the influencing
factors of carbon emission performance and the technology gap ratio of carbon emission in 30 provinces
in China. They stated that influencing factors have various impacts on the carbon emission efficiency
in the Chinese regions [53]. Some other scholars also investigated the carbon emission efficiency by
using Tobit studies recently [54–56].
The above studies have provided a useful reference for further study on China’s carbon emission
efficiency. However, these studies also have the following limitations. From the perspective of the
calculation method, Radial models, such as the CCR or BCC model, fail to consider the effect of
nonradial slacks on the technical efficiency and cannot realize the factor decomposition in evaluating
the efficiency, which can lead to biased estimation results. For the nonradial SBM-DEA model, the slacks
are not necessarily proportional to the inputs or outputs, and the DUMs can lose the proportionality in
the original inputs or outputs [17,19,23,24].
Based on the above problems, the improvements in this paper are as follows. We used the
nonoriented the Modified Undesirable EBM DEA Model to investigate carbon emission efficiency.
The Modified Undesirable EBM DEA Model is based on the EBM model. Tone introduced an EBM
approach in 2010 to combine the radial model and nonradial model, which is more in line with
reality [23]. As the EBM model cannot solve the problem related to undesirable outputs, Li and Chiu
et al. (2019) extended the EBM model into the Modified Undesirable EBM DEA Model to deal with
them [17,19,24].
3. Research Method
3.1. The Definition of Carbon Emission Efficiency
In a broad sense, carbon emission is an abbreviated concept of greenhouse gas emissions, which
includes CO2 (carbon dioxide), CH4 (methane), N2O (nitrous oxide), HFCs (hydrofluorocarbons),
PFCs (perfluorocarbons), and SF6 (sulfur hexafluoride) [57]. Generally, carbon emission is regarded as
CO2 emission because carbon dioxide in the greenhouse effect is the principal greenhouse gas. As CO2
is also the main greenhouse gas in China, this paper chose the latter definition.
As the single-factor indictor method does not consider the coupling between the various production
factors, it ignores the influence of various factors such as labor force and energy consumption [6].
To improve the evaluation result accuracy, we used the total-factor indicator method. Carbon emission
efficiency is defined as a production system for creating more goods output and less CO2 emissions
while consuming fewer resources, such as labor, energy, and capital.
3.2. The Modified Undesirable EBM DEA Model
Because Tone and Tsutsui’s EBM did not consider any undesirable factors [23], Li and Chiu et al.
combined the EBM DEA and an undesirable factor into the Modified Undesirable EBM DEA
Model [17,19,24]. The paper applies it for the evaluation of the carbon emission efficiency of
30 provinces across mainland Chinese from 2005 to 2015.
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Suppose n DMUk (k = 1,2, . . . , n) and m type inputs Xj (x1j,x2j, . . . , xmj) can produce s type outputs
Yj (y1j,y2j, . . . , ymj). Li and Chiu et al.’s nonoriented, Modified Undesirable EBM DEA Model evaluates
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Ygλ−ϕY0 − sg = 0
Zbλ−ϕY0 − sb = 0
λ1 + · · ·+ λn = 1
λ ≥ 0, s− ≥ 0, sg ≥ 0, sb ≥ 0,ϕ ≥ 1,θ ≤ 1
(1)
where xi0 and yi0 are the ith input and the ith output when calculating the oth DMU, respectively;
si− stands for the slack variable of input; sg and sb are the slacks of desired output and undesired














. εx represents the combination of radial θ and nonradial slack, and εy
denotes the combination of radial ϕ and nonradial slack. γ*, which is the optimal solution in the
EBM model and stands for the technical efficiency value of the DMU. With the value range between 0
and 1, the DMU is in the efficient state (if γ* = 1) or the nonefficient state (if γ* < 1). An inefficient
DMU can reach the production frontier by reducing inputs and undesirable outputs or expanding
desirable outputs.
3.3. Tobit Model
As defined above, the value of efficiency from the Modified Undesirable EBM DEA Model
falls between the interval 0 and 1, which makes Y a limited dependent variable. If the Ordinary
Least Squares (OLS) model is used to calculate the parameter, estimating results will be biased and
consistent [6,25,40]. We utilized the Tobit regression model (1958) to analyze the influencing factors
of carbon emission efficiency, which can estimate the parameters by using maximum likelihood
estimation [25]. The structural equation of Tobit model was given as






0 if Y∗i ≤ 0
(2)
In Equation (2), i stands for the ith DMU. Y* is the latent variable and Yi stands for a limited
dependent variable. Yi is the latent variable, Xi is the explanatory variable, β represents the correlation
coefficient, and u is the random error with the distribution of N(0, σ2). We calculated the regression
coefficients by using maximum likelihood estimation in the Stata12.0 software.
4. Data Source and Indicator Selection
This paper investigated 30 provinces, municipalities, or autonomous regions (except Tibet) in China
from 2005 to 2015. We selected the annual data of capital stock, labor force, and energy consumption as
three inputs according to production processes and the prior research results [6,11,21,43,44]. We treated
gross domestic product (GDP) as a desirable output and CO2 emission as an undesirable output.
The inputs and outputs are explained as follows.
1. Capital stock. The paper estimated the capital stock by using the perpetual inventory method,
defined as follows [58].
Ki,t = Ii,t + (1− δi,t)Ki,t − 1 (3)
Energies 2019, 12, 3081 6 of 21
where Ki,t and Ii,t stand for the capital stock and the gross fixed capital formation of the ith
province in the tth year, respectively. δ is the depreciation rate of capital stock, and is set to 9.6%
in accordance with previous studies [59]. The provincial data of capital stock were converted into
the 2005 constant price. The capital stock data of provinces in 2005 was expressed as follows
Captial stock in 2005 =
the gross fixed captial fomation in 2005
10%
(4)
All data of the gross fixed capital formation as well as the price index of fixed-asset investment in
Chinese provinces were from the China Statistical Yearbook (2006–2016).
2. Labor force. The paper adopted the total amount of employees in three industries as the labor
force variable. The data on the provincial level were collected from the statistical yearbook
(2006–2016).
3. Energy consumption. This paper chose the energy consumption of each province as the input
index. The data were collected from China’s Energy Statistical Yearbook (2006–2016).
4. GDP. To diminish the impact of inflation, we convert the provincial GDP into the 2005 constant
price. The data came from the China Statistical Yearbook (2006–2016).
5. CO2 emissions. This paper estimated the CO2 emissions generated by the burning of fossil energy
and the emissions from the process of cement production, which is consistent with the previous
studies [60,61].
This paper calculated the carbon emissions from seven types of fossil energy, such as coal, coke,
gasoline, kerosene diesel, fuel oil, and natural gas referring to the National Greenhouse Gas Emissions
Inventory introduced by IPCC in 2006. The types of the fuels are classified according to the prior





Ei ×ALCVi ×CCFi ×COFi × 4412
)
(5)
where CE represents the total CO2 emissions, ALCV stands for the average low calorific value,
CCF denotes the carbon content factor, and COF is carbon oxidation factor. The number (44/12)
represents the ratio of the molecular weight of CO2 (44) to the molecular weight of carbon. The subscript
i stands for the energy source. The data of energy consumption were collected from the China Energy
Statistical Yearbook (2006–2016). The data of the average low-order calorific, carbon content factor,
and carbon oxidation factor were from the China Energy Statistical Yearbook and National Greenhouse
Gas Emission Inventory Guide (2006) [62] and Guidelines for Provincial Greenhouse Gas Inventories
in China (2011) [63], as shown in Table 1.
Table 1. The carbon emission factors of various types of fossil fuels.
Fuel Type Coal Coke Gasoline Kerosene Diesel Fuel Oil Natural Gas
ALCV
(kj/kg) 20,908 28,435 43,070 43,070 42,652 41,816 38,931
CCF
(kg/Tj) 95,333 107,000 70,000 71,500 74,100 77,400 56,100
COF(%) 92.30 92.80 98.60 98.00 98.20 98.50 99.00
The formula for calculating carbon emissions from the process of cement production is
CC = Q× EFC (6)
In Formula (6), CC represents the total amount of CO2 emissions during the process of cement
production, Q stands for the total amount of cement production, and EFC represents the carbon
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emissions emission coefficient of cement production, the value of EFC is 527 kgCO2/t [64]. The all
indicators were listed in Table 2.
Table 2. Carbon emission efficiency measurement index system.
Indicator Type Primary Indicators Secondary Indicators
Input indicator
Capital Capital stock (unit: 100 million yuan)
Labor Total number of employees in threeindustries (unit: 10,000)
Energy Total energy consumption (unit:10,000 tons of standard coal)
Output indicator Desired outcomes GDP (unit: 100 million yuan)
Undesired outcomes CO2 (emissions unit: 104 tons)
5. Analysis of Regional Differences in Carbon Efficiency
5.1. Overall Characteristics of Chinese Carbon Emission Efficiency
The carbon emission efficiencies of 30 provinces of China during the period of 2005 to 2015 were
calculated by Equations (1)–(3). The results are listed in Table 3.
Table 3. Carbon emission efficiency of 30 provinces in China from 2005 to 2015.
Regions 2005 2006 2007 2008 2009 2010
Beijing 1 1 1 1 1 1
Tianjing 0.8580 0.8276 0.8165 0.8083 0.7897 0.8050
Hebei 0.6260 0.5545 0.5517 0.5337 0.5415 0.5603
Shanxi 0.5719 0.4794 0.4806 0.4601 0.4598 0.4779
Inner Mongoria 0.4858 0.4605 0.4672 0.4620 0.4814 0.4984
Liaoning 0.6123 0.5778 0.5754 0.5572 0.5723 0.6046
Jilin 0.6085 0.5731 0.5716 0.5452 0.5433 0.5535
Heilongjiang 1 1 0.6864 0.6563 0.6715 0.6919
Shanghai 1 1 1 1 1 1
Jiangsu 0.8052 0.7765 0.7710 0.7304 0.7319 0.7546
Zhejiang 0.8400 0.8029 0.7874 0.7423 0.7319 0.7622
Anhui 0.6770 0.6056 0.5962 0.5601 0.5706 0.6024
Fujian 0.8219 0.8044 0.7919 0.7459 0.7278 0.7585
Jiangxi 0.6771 0.6282 0.6195 0.5953 0.6026 0.6220
Shandong 0.6444 0.6208 0.6235 0.6001 0.6118 0.6368
Henan 0.6553 0.5852 0.5763 0.5504 0.5511 0.5567
Hubei 0.6484 0.5766 0.5726 0.5622 0.5852 0.6069
Hunan 0.7000 0.6077 0.6006 0.5779 0.6019 0.6287
Guangdong 1 1 1 1 1 1
Guangxi 0.6613 0.6081 0.5975 0.5725 0.5704 0.5569
Hainan 0.8204 0.7686 0.7502 0.6841 0.6761 0.6974
Chongqing 0.5854 0.5670 0.5732 0.5586 0.5835 0.6178
Sichuan 0.6362 0.5655 0.5582 0.5243 0.5494 0.5835
Guizhou 0.4972 0.4089 0.4082 0.3868 0.4142 0.4466
Yunnan 0.5873 0.5052 0.5011 0.4786 0.4940 0.5027
Shaanxi 0.5993 0.5480 0.5409 0.5290 0.5323 0.5355
Gansu 0.5664 0.4806 0.4731 0.4477 0.4767 0.4989
Qinghai 0.4256 0.3845 0.3809 0.3790 0.3951 0.4160
Ningxia 0.3693 0.3311 0.3308 0.3260 0.3386 0.3469
Xinjiang 0.5726 0.5192 0.5147 0.4922 0.5005 0.5093
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Table 3. Cont.
Regions 2005 2006 2007 2008 2009 2010
East 0.8207 0.7939 0.7880 0.7638 0.7621 0.7799
Central 0.6923 0.5944 0.5880 0.5634 0.5732 0.5925
West 0.5442 0.4890 0.4860 0.4688 0.4851 0.5011
China 0.6851 0.6289 0.6239 0.6022 0.6102 0.6277
Regions 2011 2012 2013 2014 2015 mean
Beijing 1 1 1 1 1 1
Tianjing 0.8087 0.8000 1 1 1 0.8649
Hebei 0.5603 0.5382 0.5798 0.5586 0.5424 0.5588
Shanxi 0.4802 0.4593 0.4966 0.4662 0.4388 0.4792
Inner Mongoria 0.4883 0.4595 0.5063 0.4819 0.4820 0.4794
Liaoning 0.6010 0.5680 0.6081 0.5759 0.5701 0.5839
Jilin 0.5435 0.5301 0.5561 0.5343 0.5255 0.5532
Heilongjiang 0.6986 0.6601 0.7093 0.6697 0.6368 0.7073
Shanghai 1 1 1 1 1 1
Jiangsu 0.7330 0.7153 0.7750 0.7736 0.7674 0.7576
Zhejiang 0.7442 0.7295 0.7812 0.7761 0.7650 0.7693
Anhui 0.6139 0.5903 0.6330 0.6256 0.6018 0.6070
Fujian 0.7281 0.7029 0.7603 0.7390 0.7198 0.7546
Jiangxi 0.6264 0.6109 0.6444 0.6458 0.6302 0.6275
Shandong 0.6397 0.6138 0.6782 0.6527 0.6350 0.6324
Henan 0.5528 0.5414 0.5619 0.5407 0.5243 0.5633
Hubei 0.6153 0.5970 0.6525 0.6353 0.6178 0.6063
Hunan 0.6386 0.6200 0.6654 0.6523 0.6337 0.6297
Guangdong 1 1 1 1 1 1
Guangxi 0.5397 0.5117 0.5327 0.5195 0.5077 0.5616
Hainan 0.6644 0.6078 0.6229 0.5868 0.5600 0.6762
Chongqing 0.6405 0.6290 0.7162 0.6967 0.6913 0.6236
Sichuan 0.6162 0.6067 0.6528 0.6438 0.6328 0.5972
Guizhou 0.4655 0.4451 0.4845 0.4717 0.4447 0.4430
Yunnan 0.5013 0.4750 0.5008 0.4775 0.4559 0.4981
Shaanxi 0.5367 0.5156 0.5468 0.5237 0.5192 0.5388
Gansu 0.5112 0.4952 0.5381 0.5266 0.5033 0.5016
Qinghai 0.4163 0.3889 0.3923 0.3582 0.3352 0.3884
Ningxia 0.3430 0.3284 0.3478 0.3203 0.2973 0.3345
Xinjiang 0.5035 0.4655 0.4852 0.4478 0.4218 0.4938
East 0.7709 0.7523 0.8005 0.7875 0.7782 0.7816
Central 0.5962 0.5761 0.6149 0.5962 0.5761 0.5967
West 0.5057 0.4837 0.5185 0.4971 0.4810 0.4964
China 0.6270 0.6068 0.6476 0.6300 0.6153 0.6277
According to Table 3 and Figure 1, the carbon emission efficiency of 30 provinces was generally low
from 2005 to 2015, with an average value of 0.6277. Only 11 provinces (Beijing, Shanghai, Guangdong,
Tianjin, Zhejiang, Jiangsu, Fujian, Heilongjiang, Hainan, Shandong, and Hunan) performed better
than the national average efficiency value. Yunnan, Xinjiang, Inner Mongolia, Shanxi, Guizhou,
Qinghai, and Ningxia owned very low levels of carbon emission efficiency, which all were less than 0.5,
indicating that most provinces still face the challenge of energy saving and emission reduction.
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5.2. Regional Differences of Carbon Emission Efficiency: East, Central, and West
Figure 2 shows that (1) the e stern r gions had the highest level of carbon emission
efficiency—0.7816—followed by the central region (0.5967) and the wester region (0.4964). (2) As
for the eastern r gion, the carbon emission fficiency values for Beijing, Shanghai, a d Gua dong in
the eastern zone were 1, which showed that these pr vinces are the front runners in carbon emission
efficiency and ca benchmark for others. The carbon emission efficiency of the eastern provinces’ was
higher than the national average, except Hebei and Liaoning. (3) For the central region, Heilongjiang
had the highest level of carbon emission efficiency (0.7072), which was little below the frontier. Shanxi
had the minimum level of carbon emission efficiency (0.4792), which performed slightly worse than
Hebei (the one with t e lowest l vel i the ea tern region). As for the western region, Chongqing had
the highest evel of carbon emission efficiency i the region, but its performance was wors than that
of Heilongjiang. Ningxia had the lowest average efficiency i t e whole country.
5.3. Regional Differences in Ca bon Emissi Efficiency: A Comparison of Eight Compreh nsive
Economic Regions
In this subsequent analysis, Chinese provinces are divided into eight regions (Figure 3) in line
with the division of the State Council to analyze the regional differences in carbon efficiency further.
The carbon emission efficiency of eight regions is shown in Table 4.
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Table 4. Carbon emission efficiency in the Chinese eight regions.
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Table 4 shows that (1) from 2005 to 2015, Northern, Eastern, and Southern coastal regions had
a higher level of carbon emission efficiency than other regions, with an average efficiency of 0.7640,
0.8102, and 0.8423, respectively. Northeast and Middle Yangtze River had an average carbon emission
efficiency of 0.6148 and 0.6176, respectively. Middle Yellow River, Southwest, and Northwest kept the
carbon emission efficiency at a low level, and these regions’ average efficiencies were 0.5152, 0.5447,
and 0.4296, respectively. (2) In a comparison of the provinces with the highest efficiency level in every
region, the leading ones in Northern, Eastern, and Southern coastal regions were Beijing, Shanghai,
and Guangdong, all of which are on the production frontier. Heilongjiang had the highest value of
carbon emission efficiency in Northeast, with an average value of 0.7073, which was a little more
than the national average while far below those of Beijing, Shanghai, and Guangdong. The provinces
with higher carbon emission efficiency in the Middle Yangtze River and Southwest were Hunan and
Chongqing. Those provinces’ average values were all smaller than 0.7 and far below the average level
of frontier provinces. The most efficient provinces of Middle Yellow River and Northwest were Henan
and Ningxia, and they held the value of more than 0.5, far from the frontier level. (3) The gap of carbon
emission efficiency in the interior of the Northern coast and Southern coast was more substantial than
other regions. The efficiency of Hebei and Hainan were lower than the average level of Northern and
Southern coasts. The difference in carbon emission efficiency in the interior of the Middle Yangtze
River was the smallest of the eight regions.
Several factors have contributed to these regional differences. First, Northern, Eastern,
and Southern coastal regions are in the eastern part of China, which are the earliest areas exposed to
open-up policy, and are more conducive to the introduction of foreign advanced technology, intelligence,
equipment, experience, and capital. On the one hand, many universities and research institutes in
the coastal regions play a crucial role in innovation activities. On the other hand, coastal regions
own well-established transportation infrastructure, solid industrial foundation, and abundant human
capital, which have attracted the introduction of other production factors from abroad. Therefore,
a high level of production technology in the coastal regions results in high carbon emissions efficiency.
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Second, many provinces in the Northeast and Middle Yangtze River belong to the Central area in
China. The openness, education, and science and technology level of these provinces is lower than
those of the coastal regions. As the old industrial bases in China, the Northeast region’s economic
pillar is heavy industry, which is responsible for much of CO2, SO2, and COD emissions. Driven
by the “Rise of Central China” Strategy (The Rise of Central China Plan is a policy to accelerate
the development of its central regions in 2004, which covers six provinces: Shanxi, Henan, Anhui,
Hubei, Hunan, and Jiangxi.), Middle Yangtze River has set up four national industrial transfer
demonstration zones, which introduced many manufacturing industries from the coastal areas.
These industries are characterized by high pollution and energy consumption, which leads to high
carbon emissions inevitably.
Third, many provinces in the Middle Yellow River, Southwest, and Northwest belong to Western
China. Their unfavorable geographic locations limit the introduction of foreign advanced technology,
intelligence, equipment, experience, and capital. With the deepening of the reform and opening-up
policy, the brain drain in these regions can be found by more talents moving to the eastern and central
parts of China for better opportunities, which increase the difficulty improve the production technology
and carbon emission efficiency.
6. Influence Factors of Carbon Emission Efficiency Based on the Tobit Regression
6.1. Determinants of Carbon Emission Efficiency
Based on the regional characteristics of carbon emission efficiency, we used the Tobit regression
model to analyze their influencing factors. The influencing factors were selected by referring to
previous studies, including government regulations, industrial structure, foreign trade level, foreign
capital utilization level, energy intensity, and science and technology [6,8,11,53,65–89]. Furthermore,
we compared the results with our prejudgments of each influencing factor. The data were collected
from the China Statistical Yearbook (2006–2016).
6.1.1. Government Intervention in the Economy
We chose the government intervention in the economy as an independent variable, consistent with
previous studies [6,11]. In China, the government’s macro-control policies have a significant impact
on economic performance. For instance, the macro-control policies influence the resources allocation
and industrial transfer among regions, which also impact the carbon emission reduction possesses
indirectly. Additionally, if the macro-control policies promote the development of energy-saving
industries, they will contribute to carbon emission efficiency. However, there is no agreed indicator
for the government intervention policies, and we have adopted the proportion of the local financial
expenditure to GDP as the proxy for the level of government intervention.
6.1.2. Industrial Structure
More recent attention has also focused on the relationship between industrial structure and
carbon emission efficiency [66–71]. The higher proportion of tertiary industry in industrial structure
can result in low energy consumption and carbon emissions. Therefore, this paper postulated that
industrial structure is one factor to explain regional differences in carbon emission efficiency. This paper
used the proportion of the local value-added of the tertiary industry to GDP as the proxy for the
industrial structure.
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6.1.3. Foreign Trade Level
In the process of globalization, China’s foreign trade volume has escalated after the opening-up
policy in 1978. A growing body of literature has investigated the relationship between carbon emission
efficiency and foreign trade level [11,72,73]. The opinions about the relationship between carbon
emission efficiency and foreign trade level are contradictory in literature. Some scholars claimed
foreign trade is a driving force to promote the carbon emission efficiency, because Chinese enterprises
are under the pressure of international competition to improve their product and service quality.
Their improvement efforts facilitate energy saving and resources consumption. Other scholars insisted
that the industries in many Midwest provinces still export products with high resources consumption,
which increase corresponding carbon emission. Therefore, the effect of foreign trade level worth further
investigating, and we adopted the proportion of the local import and export trade to GDP as its proxy.
6.1.4. The Foreign Capital Utilization Level
The absorption of foreign capitals is an essential factor in the economic development and
technological progression of developing countries. Currently, a considerable amount of research
has been published on this topic [74–78]. On the one hand, the foreign capital may accompany
a transfer of pollution-intensive industries from developed countries to developing countries less
stringent environmental regulations, which gives rise to the problem of carbon leakage (the Pollution
Haven Hypothesis) [79]. On the other hand, FDI is a “complex” of capital, technology, organization,
and marketing networks [80]. FDI may also introduce advanced production technologies and
management methods from aboard, which improve carbon emission efficiency indirectly. To investigate
the impact of foreign capital utilization level, we adopted the proportion of local foreign direct
investment to GDP to evaluate the degree of foreign capital utilization.
6.1.5. Energy Intensity
Some scholars also emphasized the impact of energy intensity on carbon emission efficiency [81–85].
Energy intensity is calculated as units of energy per unit of GDP. Low energy intensity indicates a
lower cost of converting energy into GDP and accompanied by higher carbon emission efficiency.
As energy intensity has a stronger impact on CO2 emissions, this paper has chosen energy intensity as
one of the influencing factors for carbon emission efficiency.
6.1.6. Science and Technology Level
The recently published studies also described the relationship between science and technology level
and carbon emission efficiency [11,86–88]. Adopting advanced technology, equipment, manufacturing
models, or procedures can improve energy usage efficiency with a low cost, and thus enhance carbon
emission efficiency. One precondition to improving science and technology level is to increase research
and development (R&D) input. Liu and Xia et al. in 2018 stated that increasing technological
expenditure can promote carbon emission efficiency growth [89]. Wang and Zhao et al. in 2019 found
that R&D investments have a vital role in CO2 emission reduction [53]. Therefore, this paper chose the
local R&D expenditure to GDP as a proxy for the science and technology level.
Table 5 will show the concrete definition of variable index.
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Table 5. Influencing factors.




The proportion of the local
financial expenditure to GDP (%) Unknown [6,11]
Industrial structure (IS)
The proportion of the local added
value of the tertiary industry to
GDP (%)
Positive [66–71]
Foreign trade level (FTL) The proportion of the local importand export trade to GDP (%) Unknown [11,72,73]
Foreign capital
utilization level (FCUL)
The proportion of the local foreign
direct investment to GDP (%) Unknown [74–80]
Energy intensity (EI)






The proportion of the local R&D
expenditure to GDP (%) Positive [11,53,86–89]
6.2. Unit Root Test and Cointegration Test
Before proceeding to any econometric analysis, we tested the existence of unit roots in all variables
first. In a non-stationary time series, the outstanding regression relationship between a variable and
another random variable may result in spurious regression [90]. This paper adopted the LLC [91],
IPS [92], Fisher-ADF [93], and PP-ADF [94] panel unit root test to determine the stability of the variables.
In Table 6, results showed that four variables are not smooth level through the test, but all became
stationary at the 1% significance level and rejected the null hypothesis of “existing unit root” at the
significance level within 1% after taking first differences. This implies that all variables are stationary
at the first difference, and there can be a long-term equilibrium relationship among all the variables.
Table 6. Panel unit root test results.
LLC IPS Fisher-ADF PP-ADF
CEE −13.9912 *** −8.15403 *** 155.223 *** 202.149 ***
GIE −1.15188 4.99367 20.0210 36.1092
IS 6.28823 7.88391 21.5548 19.3982
FTL −2.48395 *** 1.40910 41.2505 44.3308
FCUL −7.04262 *** −2.20561 ** 88.6931 *** 150.166 ***
EI −2.24391 *** 4.94331 26.1251 37.3777
STL −2.86846 *** 1.52624 48.4451 77.5646 *
4CEE −19.0895 *** −11.2225 *** 221.242 *** 371.516 ***
4GIE −11.0323 *** −6.73075 *** 155.873 *** 190.270 ***
4IS −5.75004 *** −1.35639 * 78.7522 * 101.827 ***
4FTL −12.2580 *** −5.97896 *** 150.454 *** 208.309 ***
4FCUL −11.9671 *** −5.06193 *** 133.507 *** 156.930 ***
4EI −15.1595 *** −9.84822 *** 205.206 *** 242.850 ***
4STL −14.9755 *** −8.24486 *** 187.069 *** 244.140 ***
Note: ***, **, * representing variables significant at 1%, 5%, and 10%, respectively.
If all variables remain non-stationary until the first-order difference, this analysis proceeds with
the cointegration test. The paper used the Pedroni panel cointegration to determine whether the panel
data had a cointegration relationship [95]. The test results are shown in Table 7.
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Table 7. Panel cointegration test results.
Panel-V-Stat Panel-Rho-Stat Panel-PP-Stat Panel-ADF-Stat
within-dimension −1694.92 4.901894 −15.11433 *** −2.657887 ***
between-dimension 7.692484 −22.66525 *** −2.098071 ***
Note: *** representing variables significant at 1%, respectively.
Table 7 presented the panel cointegration test results for all variables. These results showed that
four of the six statistics rejected the null hypothesis of no cointegration at the 1% significance level.
Hence, the paper concluded that there was a constant long-run equilibrium relationship among carbon
emission efficiency, government intervention in the economy, industrial structure, foreign trade level,
foreign capital utilization level, energy intensity, and science and technology level in China from 2005
to 2015.
6.3. Explaining Carbon Emission Efficiency: Tobit Regression Results
Based on the above results, this paper evaluated the impact of above influencing factors on the
carbon emission efficiency in China. The Tobit regression model assumed that
CEEi,t = β0 + β1GIEit + β2ISit + β3FTLit + β4FCULit + β5EIit + β6STLit + uit (7)
where CEEi,t represents the carbon emission efficiency value of the ith province in the tth year, β0, β1,
β2, . . . , β6 stands for the unknown coefficients, and ui,t is a random disturbance term. The parameters
were estimated by Stata12.0 software. The results are given in Table 8.
Table 8. Tobit regression results.
Variable Coefficient Std. Err. Z-Statistic P > |z| [95% Conf. Interval]
DGI −0.461083 *** 0.0585006 −7.88 0.000 −0.5757416 −0.3464233
IS 0.0076522 0.0836948 0.09 0.927 −0.1563865 0.171691
FTL 0.0881033 *** 0.0230223 3.83 0.000 0.0429804 0.1332263
FCUL 0.8143128 *** 0.236718 3.44 0.000 0.350354 6.832712
EI −0.043391 *** 0.0110785 −3.92 0.003 −0.0651047 −0.0216776
STL 4.95859 *** 0.9562014 5.19 0.003 3.084472 6.629005
Note: *** representing variables significant at 1%, respectively.
Government intervention was significant at the 1% level, with a regression coefficient of 0.461083,
which indicates that government intervention influences carbon emission efficiency negatively.
This result is consistent with a study in 2011 [96] and a recent one in 2019 [11]. From 2005 to
2015, the proportion of financial expenditure to GDP gradually increased from 18.11% to 25.63%, as the
Chinese government took the proactive fiscal policy measures to intervene in the market economy.
The results showed that the government’s excessive intervention in the economy was not conducive to
the improvement of carbon emission efficiency.
The industrial structure is positively related to carbon emission efficiency in a non-significant
way, implying that industrial structure only improves carbon emission efficiency to a certain extent.
There was a significant positive correlation between foreign trade and carbon emission efficiency with a
coefficient rate of 0.8143128. This finding is consistent with the study by Zhu and Du et al. in 2013 [97],
as well as Wang and Ma’s in 2018 [55]. This result supported that the development of foreign trade can
improve China’s carbon emission efficiency.
Foreign capital utilization level plays a positive role in improving carbon emission efficiency,
and the result is significant at the 1% level, which implies the Pollution Haven Hypothesis fails in the
Chinese context. The results echo the findings by Perkins and Neumayer in 2009 [98], as well as Wang
and Ye in 2019 [99], suggesting the Chinese provinces need to take measures to attract more FDI.
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The estimated coefficient of the energy intensity is significantly negative (at the 1% level), which
is in accord with our assumption that the decline in energy intensity can improve carbon emission
efficiency, also consistent with the policy of energy intensity reduction in its Thirteenth Five-Year plan
in 2016. The coefficient score of science and technology was significantly positive, indicating that the
science and technology development was conducive to the improvement of carbon emission efficiency.
7. Conclusions and Discussions
This paper presented the analysis of regional differences and influencing factors on China’s
carbon emission efficiency from 2005 to 2015 by adopting the Modified Undesirable EBM DEA Model
and Tobit model. The results showed that (1) most Chinese provinces generally have low carbon
emission efficiencies levels. The average value of 30 provinces’ carbon emission efficiency was 0.6277.
Only 11 provinces had a higher level than the national average level. Therefore, energy saving
and emission reduction in China are still challenging for governments. (2) Significant differences
in carbon emission efficiency exist across the three regions in China. The Eastern region ranked
the top, with the average efficiency was 0.7816, followed by the Central region (0.5967) and the
Western region (0.4964). (3) Northern, Eastern, and Southern coastal regions had a higher level of
carbon emission efficiency, followed by Northeast and Middle Yangtze River and Middle Yellow River.
The Southwest and Northwest had the lowest level of carbon emission efficiency. (4) In the results from
Tobit regression, foreign trade level, foreign capital utilization level, and science and technology level
all had significant positive effects on carbon emission efficiency. Government intervention and energy
intensity negatively affected the carbon emission efficiency in a significant way. The relationship
between industrial structure and carbon emission efficiency had a non-significant positive result.
The theoretical contribution of this manuscript is to adopting the Modified Undesirable EBM DEA
Model, which is more accurate than traditional methods, such as CCR, BCC or SBM model. Moreover,
based on the data’s unit root testing and cointegration, the paper verified the influencing factors of
carbon emission efficiency by the Tobit model, which avoids the spurious regression.
Based on the above analysis, we raised several policy implications to improve carbon emission
efficiency. When making full use of foreign trade and FDI, governments can reduce the import
and export of high-energy and emission products and support the foreign trade of high-tech and
environmentally friendly products. The governments can also optimize the energy structure and
increase investment in science and technology. The government can adjust industrial structure by
promoting the tertiary sector and reduce the development of manufacturing with high pollution and
emission. Additionally, governments can promote low carbon industries by providing subsidies or
special findings.
As the regions have different carbon emission efficiencies, the local governments should make use
of their strengths. The provincial and municipal governments of the eastern provinces should fully tap
the potential of energy saving and emission reduction based on their original economic development
level. As for the local governments of the central and western provinces, they can make use of their
industrial legacies and combine their advantages with the import of foreign capital. In this foreign
capital attraction process, the local governments should restrict pollution-intensive industries with
environmental regulations, and attract high-tech industries through FDI. The provincial and municipal
governments should strengthen the monitoring and supervision of pollutant emissions with improved
evaluation system and punishment mechanism for carbon emission efficiency.
However, the limitations of the research remain in the data collection. We calculated the provincial
capital stock and CO2 emissions due to lacking data in the provincial statistical yearbook. The accuracy
of the research result can be improved if the central and local Statistical Bureau to disclose statistics on
the provincial capital stock and CO2 emissions. Future research can analyze various industrial sectors’
carbon emission efficiency in the next study period, which further reflects the regional differences in
carbon emission efficiency in various industrial sectors.
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